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Study on response generation prioritizing related words

towards relevance improvement for chat dialogue model
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Abstract:

The purpose of this study is to improve the relevance of responses generated by the

already learned chat dialogue model. Neural chat dialogue models may generate dull responses

(e.g. ”I'm not sure.”) or non-related responses to user utterances. To reduce such responses,

in this study, we try to enhance the output probabilities of the words related to user utterances

in the knowledge graph during inference. We used several decoding strategies (Greedy, Beam

Search, Sampling, Top-k Sampling, Top-p Sampling, MMI-antiLM) and analyzed the performance

improvement when the proposed method is applied to each strategy. We evaluated responses in

terms of diversity, appropriateness, and relevance.

1 ELC®HIC

WTAE, ToT ARz - TRFERA VR —7 = — ADMEK
LTED, HEEZITOBRENLPARIED® D & D %21
T AEERBEEEZHVIBEOTWS, LrL, =a—
FNVHHET IV TIHEBETOE SR VIREY, 2—%
DFGE L BEMEPMENEE %2 T 260D 5.

T ZTHAE, HERREIC Y ORI T 5
BEER AR 7 7 h ot L, BOMEEHE (Point-
wise Mutual Information; PMI) (ZFEDW\W72/81 7 &
ZOEEEOET VHAMRIINTLZ L TL—Y
DFFEIRT MR OB EM 2 1 EX W5 FH%
RET 5.

REFHEIE, ETNVEHFYET L I e HHRRE
DA FHHTE, 2T T IREMEIME D S R X
THD. ERXIETI— FEEIZ L > TRESEMT
%728, Beam Search 7% ¥ OED T 3 — NERI&IZ 5
UCTIREFEZEA LR T 5.

2 ConceptNet

AWFFETIE, T—P OFEEEFEIZ B 9 5 HEE 2
T 572012, K7 7 7 Tdh b ConceptNet|1] % #
AL  AE K S AT MEHREIE R
T 657-8501 L LAl = i i X /S F A 1T 1-1

AR AR A WIZERE 3 51 805 S
E-mail: taisei.aso@stu.kobe-u.ac.jp

3 5. ConceptNet &1, HARSFHEOHEL LU 7L —
X (ZENSEZT VT AT 1 EIER) k% b FEIZ & -
TEEAM I SNz KB RER TS 7 ThH D, T3 1%
77V ADE] DEIBEREZT TR, TRIFRY
M DX HENRBEREEEND APRENTH
% [2]. ConceptNet (2 5\ TIERED ZHEE,

. RelatedTo CreatedBy .
music song SOngerter

D& ST 1 DL EDRFEIZ & > THEIEN S AJREMED B
5. RWIETIE, THEERZES 72D BB RFED
BEEhoDEEERL, BN —-—EURTHE
HEE IXB M S E D & R

3 kDT O— REES

AIZETIL, Seq2seq € T IV & MGG ERIZH NS
ZeEMBELTWS. H DLt D Decoder D4
DEIIRZ MV Ot = {0}, ol } WEA LN L &
2, AFD 6 DD F 2 — REIIZHDOWTHER T T
52 mRZREOIRL, I6EXEEKT 5. KIFE
TNDFEEMERL, O IFFEEESV = {v, - vk}
IZRGT 5. HAEEER y & U,y = vy, DD ALD
k2T 2EETS.
Greedy: (1) XACTETIVHIIDERK & 70 % BiGh & BIK

MITERT 5.
i = argmax O" (1)



Beam Search (BS): (2) R CRFILED EAL B A
D HEERIIES Ygt ERFET S, Y IRt i8IS
BRRHERS o2, DBEATH S, WY L BEDSR
FIOREMN EALBLANT®H 5 Z & 2 RIS 5720124
Mz ->TWa., HEEOAERMERIL, (3) AT softmax
BB L DEIRT 5.

Yoo = argmax Z (H Pr( yt, > (2)

yle w2, €V pm1 \¢r=1

K
Pr (y;) = softmax (O}, ) = €% /Z e’k (3)
k=1
Sampling[3]: (4) N TKRD7-HFED LR/ % H
BY LT, HEE g, ~ tPr () 89> T VT 5. tmp
1% softmax FABDIRE S XA —Z2THY, ETIVHEN
DO/ ONS ZHFMTE S,

Ot

tPr (y;) = softmax (

Top-k Sampling[4]: €T IVHI O 22 & AL topk fiEl
DOEMBFEZINOHL, ZNoI2K->T 4) ADORE
1 & softmax BB CAEMERSMIZESMLL, HEE
HAMNEY TV VT 5.

Top-p Sampling|[5]: (4) R TR 7= ELMERA AL
DHGED & BTEMERD topp ZBZA B ETHOIRL, *
NS> TEFHIER 11222 X5 I EFILZD
L, HEEAEAMEYVT) U IT 5.
MMI-antiLM[6]: (5) X2 &b, ET NI O 25
SETNONLTAMN U, 2 R_FIVT 4 & UTHE
T3 L TIEE L DS EXE 5. (5) RIEAS
X EEFXOMAFEREZRK T2 R2R D 5. U
WA XDEZ5NBRVREDETIVIHARS NLTH
D, EEIIZIE (Attention X7 MLD7zHD) Encoder
DOHFIIRZ MV & Decoder DHIHPREZ 012 L TRD
Too NERFIVT 1 DR 2 ST DNA =T A —
RTHD. WEXDERPIZRDIZEZHEET IVDONA
7 A AL 22D, MMI-antiLM T & D BhE
M E D AHEENE W2, IO 5 #EEIX (5) AT
FOERBL, PABEE (1) N2 KD Greedy THEKT 5.

¢ = argmax (0" — X - U") (5)

4 REFE

BRETETIE, M TE\A@B%L@%:F']L‘éﬁét&b
2, =Y ORI EE T 5 HFEDE T IV
AT AENTB. XA T AN TEFiEE, %7‘3—
REGREANDFEH HIEIZ DWW TR B,

4.1 EFIVHA~NOBEEE/NA TR

(6)(7T)(8) RTETNHIRZ ML O DETDOHERR
op % EFE (o) \[ZiE#19 %. EF (Entity Enhancer) ®
BRI REZNZ 3K E S, RTORLNZBIT2ET IV
HODIZR AL 7 A%0T 5. EE ORISR ZM 112
A~

EFE (o) = <1+0¢-gne%>(<r(x,vk)> - O (6)

_ Jmax (0, PMI (x,y)) d(z,y) <2
r(@my) = {0 otherwise ™)
PMI (z,y) = log, P(P)(;c}% (8)

(6) XITBWT X IZANHEGERIIT, r(z,y) T =5
FEEOMEE 2R T, ATHIERINIIN T 5 HADH
iﬁ_,n4ﬂ~n7x Rz FIfEENAT A
T5. alZLo THEFEEDOEREZBETIESEVE
SN TES,
“HEEMOBEEX, (7) ATHHENHRE PMI
WIZHRDWT O EDfEE UTEHE IS, ConceptNet
LTGRO d (x,y) 2RI, HEEN2 X
DREWHFEROBEEIX 0 & T 5.
—HEEMOH M EEHEX (8) ATRES. Px (z)
¥ o BANITEN DR, Py (y) &y IS UTE]
NDMER, P(z,y) &z BAIZHEHNTL2D y 2t
BB NDMERERT. TS OMERIIARNZETIX
FEHHANGE - N ATEHRINS. P(z,y) =00
BlE —co NDFERER S 72D PMI (z,y) =0 &3 5.
HOMAEEREE, HEAFERIcL02 LT 55K
B e (RS 7R) “HEERIEE RS WHEZINS.
EE(0) R ERZ MABANSNEEAR, 2TOH
%%EE@E@th&%»%ﬁ?ti%Té

User

| I|ke mu5|c

o - ConceptNet ~._ PMI(music, )
L \ music m—

/ ‘tango rock smglng N song mm—
5 singing m—
t( dance H mu5|c ]-[ song | /E> rock

band =

{ conga band songwriter

Model Output Vector

[ ] | ]
& N S S
& & N S

S & S FE

[ I also like music, especially rock. |:
System

X 1: #ETE EE OBIX




4.2 FO— REBE~ D
£T 32— NS~ DIRETIE FE O HiE%2 LT

2R3,
Greedy: (1) RDORbH DT (9) X THLGE %2 F X123
RT3, Ot DRHYIZEE(OY) V5.

g = argmax EE (O") 9)

Beam Search (BS): (2) XD v iz (10)(11) A&
FAWTHEERS 2 HRT 5. RINKEE KD BHRIZ, B
ERZIDETNVHIIZDOA EE %A 5. BEiE%
LI ELBURINEERRT B & 5 2 IE 28T, £
XD BN GEYIME) 2#FToRhoniid 5.

B /t-1
Y<; = argmax Z (H Pr (yf,) -ePr (yf)) (10)

1 B
Y 7y§t€yt b=1

=1
oEE ot.)

ePr (y;) =softmax (EE (0j,)) = K _EB(o) (11)
k=1°¢ iy

Sampling: O' Db D IZ FE (O #HW5.
Top-k Sampling: O DL v IZ EE (O) ZH\W5.
Top-p Sampling: O Db Y IZ EE (OY) ZH\5.
MMI-antiLM: &) D 5 #ikld (12) Kz & v ARk L,
DAL (9) NTHRLT 5.

Uy = argmax (EE (Ot - A Ut)) (12)

5 Z=2ER
51 F—4%tvh

ARFFETIL, MEFOSEE 2 — /828 L U ConceptNet 23
BEIN/-T—X+¥ Y N Tdh5 Commonsense Conver-
sation Dataset[2] &\ 5. MEFONEE T —/ S A 1% Reddit
MOBX—VEERNEINTE D, ANXEHEX
DWTNDHEENEH ConceptNet b THERE 1 AN THE
it CERVWGEIRRA TN TWE. Thbb, Hiliy
BOBRMWYDDBHBEMNEDAN T 4 VR T7INTH
%. Commonsense Conversation Dataset @ Concept-
Net (Zfi D7 OEBHRFELZEL TV T 1 T 1 DHIER
XNTHY, AATNHADITYF 1 71 & 44 OB
EEU. (T4 T4, B, TUTA4T4)D=D
HLOCMY FL) 13 120,850 fEAE(ET 5.

MEFNGET — N AD S B, 50 JTHEEES#EIZ, 1000
WNEhZ i HlWS. 72, T—Xk&y MZ&EEND
ConceptNet [F£THW5.

5.2 RERRE

ERBHEA £ O GRU Encoder-Decoder € 7V % fi
W7z, Encoder IZMAMTEAMIZZENZN 28, De-
coder lZ2B& L7z, EF AV A1 XIKE 128 IRILT,
HDAARZ P ILOYIIME & LT 300 55D GloVe %
AWr., m#EbFEE U THZEEEE be-4 2 LT
Adam ZEHU 7. @¥EB kD 7212 Dropout %
0.1IZEEL, AJzxd 2m N MEF EO7-DIZ
FHHZ AN HEEE 5% DOMERT T v X L7 HGEIZ 2L
Xz, I=ZNYFY A X% 128 2 L, 20epoch FH
I

BT A= FHIEDONRT A —=&IE, 77Uy Ry —FIZ&
DIGE DL L HYIMED NG v 2% B THR 1ITHR
& U7z. Beam Search Tl HEERTIDIIE % K51
RCTERETAZ LT, EXUrESINR Kbl L
ZEiVE. £72, 2TOTFI— REIKIZBWT, 0K
URIUHEEZ ENT 5 Z & 23 5 728I1Z repetition
suppressor[7] Z & TDE T IVHIIZEA L 7=.

F1: TIA—FRIBDNT A —%

Strategy Parameters
Beam Search B=5
Sampling tmp = 0.6

Top-k Sampling topk = 32,tmp = 0.6
topp = 0.6,tmp = 0.8

A=0.6

Top-p Sampling
MMI-antiLM

5.3 FHmEER

ECOEBLE LT DL, @Yk, BEEMEfk
EECRHM U 72
kM (Diversity): £ TOAERIZE N5 n-gram
DS HELDHHDOEE DIST-n 2§43 5. DIST-1
& DIST-2 Z FH\ 5.
MY (Appropriateness): BEHRENER X4 £ I FH
W55 BLEU-1, BLEU-2, ROUGE-L, NIST, ME-
TEOR ZzHH\W 5.
BEM (Relevance): (13) A TEHE I N LA TD
—HEMEEPMI 2 W5, X ZANHGERST, YV id
IGEHGERIITH 5.

1
PNH:rﬁﬂ~%;gg§Pkﬂ(Ly) (13)

F7z, AMEEOWT N L D ConceptNet - TD
FEEEAY 2 AR TH 6 HEEDILE XUIZH £ N 5 EIfEEL
ENT Z2&€&ZLHWS.



* 20 73— NI S & OHRFE T 1050 HIIR O 2 8Ll D Lok

Strategy Length Diversity Appropriateness Relevance
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BS 12.514 3.340 10.752 11.644 2.083 12.950 0.500 10.578 0.525 1.754
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+ EE(a=0.1) 14.007 | 13.208  52.956 11.100 1.395 11.942 0.733 9.901 1.547  4.229
Top-p Sampling 15.534 7.680 34.203 12.266 1.760 12.610 0.906 10.873 0.663 2.547
+ EE(a=0.1) 13.290 | 13.213  49.536 11.288 1.452 12.097 0.637 10.401 1.596 4.011
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Input \ Response
yeah , im home back in cold old A) i’m not sure if you 're in the same boat .
england aha B) i’m not sure if you 're in northern ireland
A) that ’s a good point . i 'm not sure if it was n’t the case ,
i think lenovo is one of the best but there is no need to be an issue for me and my experience
laptop companies , personally . B) i 'm not sure what you ’re talking about .
it ’s just a hardware device , but the laptop is n’t that bad
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